Technological advancements within the educational sector and online learning promoted portable data-based adaptive techniques to influence the developments within transformative learning and enhancing the learning experience. However, many common adaptive educational systems tend to focus on adopting learning content that revolves around pre-black box learner modelling and teaching models that depend on the ideas of a few experts. Such views might be characterized by various sources of uncertainty about the learner response evaluation with adaptive educational system, linked to learner reception of instruction. High linguistic uncertainty levels in e-learning settings result in different user interpretations and responses to the same techniques, words, or terms according to their plans, cognition, pre-knowledge, and motivation levels. Hence, adaptive teaching models must be targeted to individual learners' needs. Thus, developing a teaching model based on the knowledge of how learners interact with the learning environment in readable and interpretable white box models is critical in the guidance of the adaptation approach for learners' needs as well as understanding the way learning is achieved. This paper presents a novel interval type-2 fuzzy logic-based system which is capable of identifying learners' preferred learning strategies and knowledge delivery needs that revolves around characteristics of learners and the existing knowledge level in generating an adaptive learning environment. We have conducted a large scale evaluation of the proposed system via real-word experiments on 1458 students within a massively crowded e-learning platform. Such evaluations have shown the proposed interval type-2 fuzzy logic system's capability of handling the encountered uncertainties which enabled to achieve superior performance with regard to better completion and success rates as well as enhanced learning compared to the non-adaptive systems, adaptive system versions led by the teacher, and type-1-based fuzzy based counterparts.
Introduction
Achieving student satisfaction and improving academic performance are the core objectives of education systems. Therefore, obtaining a precise and comprehensive understanding of the needs of every student based on their distinctive attributes, such as level of knowledge, learning style, and level of engagement is highly important. This is needed that teaching content, styles and strategies can be effectively adapted to suit every student. In the context of traditional classroom instruction, it is extremely difficult for teachers to know the main cause of low satisfaction, engagement and outcomes among the students, which makes it difficult for teachers to find solutions that facilitate the improvement of students' performance and attention while learning [1] .
The occurrence of this problem can be attributed to the different levels of knowledge and motivation among students as well as the characteristics of teaching style and content adopted by teachers [1] . The different attributes wielded by students and the class size constrain the degree to which a teacher can adapt the learning environment to ideally suit all students simultaneously [1] . With smaller class sizes, it becomes easier for teachers to focus on the needs of every student, hence enhancing the accuracy of learning as well as the ability of teachers to evaluate the attributes of all students [1] . Myriad studies have concluded that one-to-one teaching fosters better learning outcomes, motivation and engagement levels [2] , [3] , [4] . However, it is basically impossible to espouse such an instructional style as a substantial component of teaching within traditional utilitarian classes.
Recently, e-learning courses have seen increased growth and popularity. There are over 30 million higher education students who take classes online, 50% of whom reside in the US. In the year 2011, it was revealed that around 16.1 million US students take at least one class online. This number is predicted to rise to around 41 million by 2016 [5] . Based on these statistics, it is evident that elearning has become increasingly essential and has turned into a key method through which higher education is provided [6] . However, e-learning environments also have numerous challenges. Some of these challenges are similar to those of conventional classes, especially with regard to lack of interaction.
Traditionally, e-learning courses were delivered using learning management systems that provided the educational content using the same structure and composition for all students [7] , [8] . Because students have different attributes, this became a challenge because it hindered performance and engagement levels among students. In a bid to counter this challenge, adaptive educational learning technologies and environments are utilized [1] . Because adaptive learning systems provide instructional material based on the specific needs and preferences of each student, these systems have the ability to improve performance among students, and this has led to increased interest in such learning systems [8] , [9] .
There are several factors that impinge on the learning requirements and preferences among students, such as personality attributes, learning styles, motivation, knowledge level, attention span and goals [7] . These factors can be evaluated so as to make the instructional process adaptive through initiatives such as improving the manner in which content is presented and the sequencing of informational materials so that the needs of every student are catered to, thus helping them improve their performance as well as their completion rate for the course [10] . Thus, automatic and continuous learning preferred knowledge delivery needs and preferences for students are important factors for obtaining higher student learning outcomes, motivation and satisfaction. Our work also seeks to investigate how higher and precise adaption of the learning environment can obtain better outcomes and higher completion rate that results from the precision of the learned model.
The efficiency of adaptive educational systems is contingent on the mechanism applied in the collection of information with regard to students' learning needs as well as on the manner in which this information is processed to tailor adaptive learning environments [8] . However, how can we make sure of high precision in evaluating students' needs and knowledge level for provision of the optimal and precise adaptive course content?
This question is critical due to several sources of uncertainty in how accurately students' responses are assessed by adaptive educational methods as well as the corresponding uncertainties associated with how the resulting instruction to the student is actually understood and received. However, most of the exiting adaptive e-learning systems rely upon the ideas and knowledge of a few experts to guide the adaption process. As mentioned above, such views might be characterized by various uncertainty sources, particularly in the way learners' responses can be evaluated accurately through the suggested adaptive educational system, and the "corresponding uncertainties" linked to the way the emerging instruction toward the learner is received and understood. In e-learning settings, high linguistic uncertainty levels exist, whereby learners may arrive at interpretations and act upon the same techniques, words, or terms (for example, preferred learning strategy, study time length or course difficulty) in different ways depending on their plans, cognition, pre-knowledge and motivation levels [11] . Therefore, one adaptive teaching model, even when accompanied by designers' and experts' knowledge, might not serve all learners' needs. To tackle the uncertainty that may inhibit the advancement of an efficient learning context, it is suggested that all adaptive educational systems should incorporate a flexible Artificial Intelligence (AI) method [11] .
There are several AI-based approaches that have been implemented with the aim of achieving an efficient adaptive educational system. However, most of the AI approaches that have been implemented are not capable of learning from the behavioural tendencies of the user so as to generate easy to read and understand white box models capable of dealing with these uncertainties. Fuzzy logic systems are reputed for their ability to generate white box models that are capable of dealing with high-level uncertainties. Nonetheless, most fuzzy logic systems use type-1 fuzzy logic whose capability of dealing with an uncertainty is based on precise type-1 fuzzy sets [12] . On the contrary, interval type-2 fuzzy logic systems are capable of dealing with uncertainty using interval type-2 fuzzy sets that are inclusive of a footprint of uncertainty (FOU), the purpose of which is to augment the degree of freedom so as to improve the system's ability to deal with high-level uncertainties [12] .
In this paper, a system that is based on type-2 fuzzy logic is presented. The system has the ability of learning the preferred knowledge delivery needs of users with regard to their attributes, hence generating an adaptive learning environment. The development of the type-2 fuzzy model is based on data collected from several students who have different aptitudes and needs. The model was then implemented to enhance the delivery of knowledge to different students based on their individual attributes and knowledge levels. This paper will explain the manner in which the system can customize the learning environments so as to improve the delivery of knowledge to students of different attributes, which can, in turn, improve student performance, motivation and engagement level. The system proposed in this paper has the ability to continuously learn, respond, and adapt to the needs of every student. As a result, it can be implemented in online courses to deliver adaptive education content to students with varying needs. The proposed system was tested using various real-world experiments within a massively crowded e-learning platform that involved 1458 students from King Abdulaziz University. The experiments showed that the proposed system has a better capability of dealing with the uncertainties and improving performance and course completion rate in comparison with nonadaptive systems, adaptive system versions led by the instructors, as well as type-1-based fuzzy logic systems counterparts.
The paper is organized as follows: Section 2 presents a brief overview on some AI techniques that are employed for adaptive educational systems. In section 3, an overview on type-2 fuzzy logic systems is provided. Section 4 provides an overview on the application of fuzzy logic systems to education and e-learning platforms. Section 5 presents the proposed users-centric adaptive Learning System based on Interval Type-2 Fuzzy logic System (IT2FLS) for massively crowded E-learning platforms. Section 6 presents the experiments and results while the conclusions and future work are presented in Section 7.
2 A Brief Overview on Some AI techniques that are Employed for Adaptive Educational Systems
The ability of AI approaches to learn and replicate the decision-making process espoused by students makes them valuable tools in adaptive edu-cational systems [13] . There are various AI techniques that have been used in adaptive educational systems such as fuzzy logic, Bayesian networks, neural network and hidden Markov models. There are various ways through which AI approaches are used in adaptive educational systems. For example, in some systems the core focus is to examine and assess students' characteristics so as to generate profiles of the students with the intention of evaluating their overall level of knowledge [10] , [14] , [15] , [16] , [17] , [18] , [19] . AI approaches are also used to facilitate the diagnostic processes' completion so that course content can be adjusted to cater to the needs of every student [15] , [16] , [20] , [21] , [22] , and [23] . However, some AI approaches, such as hidden Markov models, Bayesian networks, and neural networks are black box models which have a knowledge problem that makes them incapable of establishing human behaviour frameworks that are transparent and easy to analyze. Another limitation of these approaches is that they need the repetition of long iterative learning methods during the amendment of the framework, which is particularly challenging because the e-learning process is ever changing and dynamic [15] .
A Brief Overview of Type-2 Fuzzy Logic Systems
As illustrated in Figure 1a , the interval type-2 fuzzy logic system (FLS) utilizes interval type-2 fuzzy sets (e.g., the type-2 fuzzy set illustrated in Figure  1b ) in the representation of the inputs and outputs. The third dimension values in the interval type-2 fuzzy sets are all equal to one. Unlike the general type-2 FLS, computation is simplified when an interval type-2 FLS is used [12] .
The functioning of the interval type-2 FLS is as follows: the first step is to fuzzify the crisp inputs into input type-2 fuzzy sets. The ease and suitability of singleton fuzzification makes it preferable for interval type-2 FLS. Afterwards, the inference engine and the rule base are activated by the input type-2 fuzzy sets and this leads to the generation of output type-2 fuzzy sets. The type-1 and type-2 FLS rule base are the same but the membership functions (MFs) of the type-2 FLS are represented by interval type-2 fuzzy sets in the place of type-1 fuzzy sets. The fired rules are combined by the inference engine, which then gives a mapping from input type-2 to output type-2 fuzzy sets. The typereducer then processes the type-2 fuzzy output and combines the output sets to execute centroid calculations to produce type-1 fuzzy sets that are referred to as type-reduced sets. Type-reduction can be executed using various methods, but this paper focuses on the centre of sets type-reduction because of its reasonable complexity of computations [12] . Typereduction is then followed by defuzzification of the type-reduced sets so that the crisp outputs can be obtained. A detailed and comprehensive coverage of interval type-2 FLS can be found in [12] . The shaded area in Figure 1b ) is labelled as Footprint of Uncertainty (FOU) which is bounded by lower membership functionÃ (x) and an upper membership functionÃ (x) [12] . Thus an interval type-2 fuzzy set is written as follows:
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(a) A FLS can be implemented to facilitate the formation of a summary of the students' preferences pertaining to knowledge acquisition and understanding [11] . A FLS-based framework that is geared towards customization facilitates easy reasoning for both the users and designers, which in turn eases the process of content comprehension as well as system amendments [25] , [26] . In addition, FLSs can also be used in the examination and assessment of learning and knowledge outcomes [17] , [18] , [19] , [27] . Consequently, as previous studies established [17] , [18] , [19] , [27] , FLSs can be designed to facilitate the evaluation of task objectives and multiple criteria. However, FLSs are rarely used for the adaptive presentation of educational materials. In [20] , a profiling system that uses a multi-agent approach for the creation of fuzzy models for content and students is done on the basis of a dynamic plan that is defined in advance for one individual. The development of this framework was done using profile abstraction, whereby a comparison of student-centred learning tasks, such as the topic, and the time spent on the topic, was conducted.
The creation of the content framework was done based on the fuzzy links between the subjects and the individuals' level of knowledge (these links were referred to as prerequisite relations). The prerequisite relations were used in the determination of the most appropriate learning plan (i.e., the order in which an individual should examine issues [20] ). However, the estimation of student behaviours in this study was achieved using criterion links between the knowledge of the student and the topics, so as to come up with a dynamically grounded learning plan for the learners. In [20] , students' needs were not learned automatically. In addition, the system in [20] did not have the adaptation features of a continuous learning approach that can facilitate easy amendments of the frameworks to suit the continuously evolving student preferences. Furthermore, to the best of our knowledge no studies have delved into the implementation of type-2 fuzzy approaches in adaptive learning educational environments.
The Proposed User-Centric
Adaptive Learning System Based on Interval Type-2 Fuzzy logic for Massively Crowded Elearning Platforms
The objective of our proposed interval type-2 fuzzy logic, is to acquire knowledge about and dovetail several instructional variables, such as the suited current level of difficulty of the content along with the required time for learned content that has the ability to tackle the present condition of different learners' variables according to their present knowledge level and characteristics. The proposed environment will start its work flow at the application layer where the e-learning environments (course contents) and learners get to interact with each other.
First, this layer solely concentrates on specifying the required instructional variables needed to learn the outputs of the learning environment that are parallel with the learner variables or the inputs. Next, this layer will install a system of active recording and supervision of the specified data in relation to the teaching-learning behaviors (i.e., outputs and inputs of the system) generally seen in online learning environments. To generate systemlearned rules, a layer of learning fuzzy rules will then receive those inputs and outputs. This layer aims at first extracting interval type-2 fuzzy sets in relation to system output and input on the basis of creating type-2 fuzzy sets and method centering on methodology detailed in [28] , [29] , [30] , [31] , out of a sample of respondents (30 students in the case of the conducted experiments) for managing linguistic uncertainty. Having gathered data (one week is needed in the case of conducting experiments) and accumulated the fuzzy sets, the system will enter the state of building fuzzy rules with the purpose of detailing the most required instructional actions having the satisfactory present conditions of student capabilities and characteristics based on an unsupervised one-pass approach, as motivated through [32] , [33] , [34] .
Finally, the adaption layer will be utilized; this is where the students' current learning inputs states are taken and given suitable outputs to accomplish their learning tasks. Our proposed environment will further enable the online adaption and enhancement of rules in this layer. This facilitates long-term learning due to the changing of the performance, capabilities, delivery instructional preferences and needs of the students. The advocated environment comprises the following three layers (as shown in Figure 2 ) which will be explained in the following subsections. 
Application Layer
The main purpose of this layer is to first specify the learners' variables, which are the inputs according to the system outputs; these are related to the content or instructional variables to be learned. Instructional variables could be the suitable learning content difficulty level and time needed, along with the preferred learning style and method of knowledge acquisition. These variables promote the student learning level that matches the current learner variables, which include the student's current level of knowledge and other personal characteristics related to the adaptation process, making it more personalized.
The Observer Component
Student data are first collected and captured by evaluating the students' knowledge delivery requirements with the preferred learning style, alongside the characteristics of the online learning environment. Significantly, the data (present outputs and inputs) will be actively recorded upon the change of the knowledge delivery needs or characteristics. Therefore, a descriptive model of the students' knowledge delivery needs and characteristics is created and learned by our system; this is achieved through the data gathered, generating a set of multiinput and output data pairs, which take the following form [32] , [33] , [34] :
where N is recognized as the number of data instances, x (t) ∈ R n , and y (t) ∈ R k . T are explained by the rules that are extracted by our system. With specific consideration of the experiments conducted within the online learning environment, seven student characteristics' variables were utilized for the inputs, and 4 knowledge delivery needs (which will be detailed later) variables were utilized for the outputs. A correlating model of the inputs and outputs is achieved by the established fuzzy rules without requiring a mathematical model. Therefore, individual rules can be adapted online, affecting only certain aspects of the descriptive model created and learned by the proposed system.
The Fuzzy Rules Learning Layer

Extracting the Interval Type-2 Fuzzy Sets
Categorization of collected data input and output is essential through specific functions of fuzzy membership. In this way, input and output values are quantified and converted into linguistic labels such as high, very high, low and very low. The details of the implemented approach are found in [28] , [29] , [30] , [31] and cause the creation of the FOU and a type-2 fuzzy set, where several type-1 fuzzy sets are embedded to signify the individual perceptions of every student regarding a specific linguistic label that elaborates requirements, preferences and features. Consequently, different students' opinions regarding the modelling of words will be combined by FOU generated from type-2 fuzzy sets, and the uncertainties will also be managed.
The applied approach accumulates data via asking questions to the respondents regarding their perspectives on the linguistic labels, by which the type-1 fuzzy sets will be generated. Following this stage, utilizing the approach of [28] , [29] , [30] , [31] , the type-2 fuzzy sets are constructed where the type-1 fuzzy sets (representing the students' individual preferences) are combined, resulting in the FOU of the type-2 fuzzy set, which represents the given word. By applying the representation theorem [12] , [28] , [29] , [30] , [31] the calculation of each interval type-2 fuzzy setÃ s will be: 
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The main purpose of this layer is to first specify the learners' variables, which are the inputs according to the system outputs; these are related to the content or instructional variables to be learned. Instructional variables could be the suitable learning content difficulty level and time needed, along with the preferred learning style and method of knowledge acquisition. These variables promote the student learning level that
Here, i th type-1 fuzzy set and ∪ is an operation of aggression [28] , [29] , [30] , [31] embedded in the reference of A i . Approximations of lower MFÃ (x) ofÃ s and upper MFÃ (x) serve as the basis of generating the process ofÃ . This will depend on the shape of the embedded type-1 fuzzy sets and the FOU model, which is to be generated forÃ s . In our system, we use interior FOU models and right and left shoulder MFs (shown in Figure 3a , Figure  3b and Figure 3c ) for the upper and lower MF parameters from all the embedded non-symmetric triangular type-1 MFs. As shown in Figure 3a , the resulting interior interval type-2 fuzzy set is described by parameters a MF ,c MF , c MF , and b MF denoting a trapezoidal upper MF and parameters a MF and b MF for a non-symmetric triangular lower MF, with an intersection point (p, p ) [28] , [29] , [30] , [31] . The calculating processes for these parameters are detailed below.
The steps given below are required for upper MFÃ (x): [28] , [29] , [30] , [31] , respectively, for (x) = 0. The lower MFÃ (x) is approximated through the following steps: [28] , [29] , [30] , [31] .
2. The formulas below are to be used for computing the intersection point (p, p ):
An approximation of the lower MFÃ (x) is to be executed by linking the points of (a
As depicted in Figure 3a , which is a triangle lower MF.
The method adopted for computing the FOU for the right and left shoulder is similar to that described in [28] , [29] , [30] , [31] . The computation of the upper MFÃ (x) that concerns the left shoulder (referred to in Figure 3b Likewise, as is shown in Figure 3c , the estimation of MF
that concerns the right shoulder requires joining of the points (a MF , 0), (b MF , 1) , and (M, 1) with straight lines. The approximation of the lower MFÃ (x) requires joining of the points(a MF , 0), (a MF , 0),(b MF , 1), and (M, 1) with straight lines [28] , [29] , [30] and [31] .
Extracting the Fuzzy Rule from the Collected Data
To extract the rules that delineate the individual behaviours, data collected from the output or input and the generation of interval type-2 fuzzy sets are combined with each other. An improved approach of the Wang-Mendel method is the basis of the applied method of rule extraction [32] , [33] and [34] .
Several rules of multiple-input-multiple-output are extracted via the proposed type-2 fuzzy system and are recognized as explaining the association between x= (x 1 , . . . , x n ) T and y= (y 1 , . . . , y k ) T , adopting the following form: embedding the different type-1 fuzzy sets, (c) right shoulder type-2 MF embedding the different type-1 fuzzy sets [28] , [29] , [30] , [31] The attempt to explain and summarize the following representation of the approach should consist of rules with a single output whose demonstration owes to the relative simplicity of the method in the case of expanding the rules that engage several outputs. The stages of rule extraction are explained below.
Stage 1: In case of a pair of fixed input-output data (x (t) ; ; y (t) ) from the dataset (t = 1, 2, ..., N) (s = 1, ..., n) . Find q * ∈ { 1, . . . , V i } such that [32] , [33] , and [34] :
For all q = 1,...,
is the centre of gravity of the interval membership ofÃ s , as can be seen below [12] :
The following rule will be referred to as the rule generated by (x (t) ;; y (t) ) [32] , [33] and [34] :
n THEN y is centered at y (t) (9) For all of the input variables x s , there are V i type-2 fuzzy setsÃ q s , which enable a greater number of potential rules equal to V n i . However, when considering the dataset, there will be the generation of those rules among the V n i possibilities that show a dominant region comprising a minimum of one data point.
At this stage, one rule is created, and this rule corresponds to every concerned pair of inputoutput data, including the selected fuzzy set, in terms of achieving a higher membership value at the data point. More importantly, it has been chosen to serve the IF element of the rule. However, this version of the rule is not the final version of the rule, which will be calculated in the subsequent step. Particularly, the rule weight is computed as the following [32] , [33] , and [34] :
The rule wi (t) weight can be defined as the measurement of the strength of the points x (t) belonging to the fuzzy region that the entire rule encompasses. 
Several rules of multiple-input-multiple-output are extracted via the proposed type-2 fuzzy system and are recognized as explaining the association between = ( 1 , . . . , ) and = ( 1 , . . . , ) , adopting the following form:
(a)
M
of data points, multiple rules are created in Stage 1 with similar IF parts and their accumulation evolving from a single rule. Therefore, two groups are formed for rules N comprising similar IF parts in each group. If the number of such groups is assumed to be M, then the presence of N l rules in the group can be implied, hence [32] , [33] and [34] :
Here, the group index l comprises u = 1, . . . , N and t l u . The following calculation is the weighted average of all involved rules in the conflict group [32] , [33] and [34] :
A single rule is formed from these N l rules, for which the following format is utilized [32] , [33] , and [34] :
where the output fuzzy setB l is selected on the basis of the following among the V o output interval type-2 fuzzy setsB l , . . . ,B V o .Find B h * such that [32] , [33] and [34] :
for h= 1, 2 . . . ,V õ B l is chosen due to the B h * , where cg B h is the centre of gravity of the interval membership ofB h at av (l) as illustrated in Equation (8) .
Therefore, we can conclude that our system controls input-output data pairs with numerous outputs. Regarding the number of outputs related to every rule, Step 1 can be called distinctive, whereas straightforward expansion aimed at facilitating rules while covering numerous outputs is provided by Step 2, as the calculation details are given in the repetition of the Eq. (12-14).
The Online Adaption and Lifelong
Learning Layer
The customization of knowledge delivery to students
The fuzzy rules extracted through the collected input and output data of students and the extracted membership functions facilitate the proposed system for establishing and learning the characteristics and requirements of knowledge delivery to students. Then, the system will be in a position to make changes to the online learning environment with particular consideration to the needs and preferences of the students. The system response is triggered through the monitoring of student variables, which cause an impact to be felt by the online learning environment, especially in regard to the learned approximation of students' individual needs and preferences.
Our proposed type-2 fuzzy logic adaptive environment works as follows:
-The crisp inputs which encompass the characteristics of the student (detailed in the e-learning environment) are fuzzified into the input interval type-2 fuzzy sets (singleton fuzzification).
-The inference engine and rule base are activated, which creates the output (student requirements) type-2 fuzzy sets.
-The inference engine outputs are processed by type-reduction to produce type-reduced sets.
-The type-reduced type-1 fuzzy outputs are then defuzzified to create crisp outputs.
-The crisp outputs are then fed to the outputs.
The adaptive online lifelong learning mechanism for dynamically updating content selection and display for users
It is important for the suggested system to enable the modification to the changing needs and constantly expand the knowledge level of the students by giving them the ability to modify their learning needs and preferences. Then the system can modify its rules or apply new ones accordingly. In case of a given inputs, no rules fire from the rule base (i.e. the rule's firing strength in Eq. (10) wi (t) = 0), the system will record the system input and will capture the user preferred knowledge delivery to create a rule which can cover this uncovered input status. Therefore, the system will integrate new rules when the state of the online learning environment monitored at that time is indeterminate according to the present rules in the rules base (i.e. where none of the present rules are fired). In such an instance, new rules will be devised and added by the system, whereby the antecedent sets highlight the online environment's present input states, with the consequent fuzzy sets reliant on the current state of knowledge delivery needs and preferences. For all of the input parameters x s the fuzzy sets that provide membership values, where
s ) > 0 are identified. As a result, this creates a number of identified fuzzy set(s), in the form of a grid, for each input parameter. From such a grid, there is the construction of new rules based on all individual combinations of successive input fuzzy sets. The consequent fuzzy set that provides the greatest value of membership to the student defined knowledge delivery needs (y c ) is accordingly chosen to act as the generated rule consequent. The resulting fuzzy sets can be established through conducting a computation of the output interval memberships' centre of gravity [32] , [33] and [34] :
For h= 1, ...,W theB c is chosen asB h * c , where c= 1, ...,k. This enables the gradual adding of new rules to the rule base.
In case the user makes a change of preference or needs the knowledge delivery at a given input status, the fired rules will be selected and the consequent rules will be changed (if more than two users signal the same knowledge delivery preference and need), as shown by Eq. (15) . Therefore, the fired rules are adapted to more suitably reflect the updated knowledge delivery requirements of the students, considering the present state of the online learning environment. The system proposed in this paper adopts life-long learning through facilitating the adaptation of rules according to the dynamic students delivery needs, which notably change over time based on students expanding knowledge and needs in regard to the state of the online learning environment. Owing to the system flexibility, the fuzzy logic model learned initially may be effortlessly expanded in order to make changes to both new and existing rules. These fuzzy rules enable a large range of values for all parameters (input and output) to be captured, which in turn enables the continuation of the generation of rules, even when the online learning environment gradually changes.
Experiment and Results
Various real-world experiments were conducted within a massively crowded elearning platform encompassing 1,458 students from King Abdulaziz University in Saudi Arabia. To perform the experiments, we customized the online learning platform to teach the Microsoft Excel and PowerPoint modules approved by King Abdulaziz University. This platform was used as a test bed for the proposed systems. Twelve learning units in Excel and nine learning units in PowerPoint were designed, each containing different lessons. A full explanation of each of these learning units was taken from the approved course structure and contents from King Abdulaziz University, as shown in Figures 4 and 5 .
Each lesson included the following five main features (see Figure 6 ): A text explanation of the course content, demonstration through which students can see a practical application, practical exercise, a video from the lecturer and an assessment exercise. The details and screen captures of these features is detailed below. 2. Demonstration through which students can see a practical application of what they have learned from the lesson. This is shown in Figure 8 , where the steps for creating a pie chart are demonstrated to the students with explanation such as "First, we first select the range of cells. Then by clicking the Insert tab, from the Charts group, choose Pie, and select the suited Pie chart," This is shown in the following figure  (Figure 8 ).
3. Practical exercise through which students can work on developing specific skills related to the lesson. When students respond incorrectly, the system provides hints for the correct answer, such as in the case of the lesson "Changing the Sheet Direction." For this lesson, the students are required to change the direction of the page from right to left. They should first click on the Page Layout tab. If they make a mistake, a hint will be promoted to guide the student, as shown in Figure 9 . The red triangle directs students to click the Page Layout tab (three attempts are allowed for the student per each step). When they click on the right answer, such as the second step of clicking the Sheet Right-to-Left button from the sheet option, the program will give them feedback such as "Excellent! You have got the answer." (See Figure 10 ).
4. The following figure ( Figure 11 ) contains a video from the lecturer explaining the lesson on creating a pie chart and line chart.
5. This is an assessment exercise through which students can receive feedback; in it, they are able to see whether their answer is correct or not. This is different from the practical exercise in that here the hints will not be available for the students. This exercise will give students just one attempt and then provide feedback about whether the answer is correct or not (see Figure  12 ).
The main objective of the conducted experiments was to compare the effectiveness of the proposed IT2FLS system to the type-1 fuzzy logicbased counterpart system (T1FLS), the instructorled adaptive system and the nonadaptive version of the system, in regard to enhancing the quality of instruction, promoting better student performance, and increasing success rates.
The experiment started with the formation of four groups from the 1,458 students in the study, and each group was randomly and equally assigned distance e-learners. During the initial monitoring phase, the learners registered and took a comprehensive preassessment test to measure their current knowledge of Excel and PowerPoint. The average scores for these two preassessment tests were collected, along with the students' gender, age, secondary school grade and whether they were full-or part-time students, and their course of study in secondary school to form the seven inputs for the fuzzy systems. Subsequently, we deliberately revealed the average assessment results to the students to enable them to determine the appropriate content for their level and preference. Four outputs were collected from the students: the difficulty level they needed for Excel and PowerPoint, time needed for Excel, and time needed for PowerPoint.
Once the inputs and outputs of the proposed model were collected, the interval type-2 fuzzy logic system was constructed using the fuzzy sets to generate rules (see Figure 13 ) as explained in section 5.2.1. The interval type-2 fuzzy sets were obtained to handle and capture the uncertainty that signifies learners' views about modeling a particular linguistic label to determine learner characteristics and instructional needs. Figure 14 shows the interval type-2 fuzzy sets as solid red lines and the type-1 fuzzy sets as yellow dashed lines. The interval type-2 fuzzy sets were constructed from a sample of 30 students by asking their views about modeling such a set. In the second phase, the course contents of Excel and PowerPoint, were delivered as required for a third group, which used a system based on type-1 fuzzy logic, and a fourth group, which used the system based on the applied interval type-2 fuzzy logic system. Meanwhile, the first group continued its studies using the nonadaptive version of the system, while the second group used the instructor's led adaption model with 
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In the second phase, the course contents of Excel and PowerPoint, were delivered as required for a third group, which used a system based on type-1 fuzzy logic, and a fourth group, which used the system based on the applied interval type-2 fuzzy logic system. Meanwhile, the first group continued its studies using the nonadaptive version of the system, while the second group used the instructor's led adaption model with fixed rules based on expert guidance. Thus, the third and fourth groups were presented with adaptive, tailored learning content that was matched to their preferences and needs according to the rules derived from various students using the system. Students were presented with learning objects (LOs) according to their knowledge-delivery needs and preferences. Each LO in the lesson, such as Conditional Formatting in Excel, was associated with two linguistic values, which corresponded to the difficulty of Excel content and whether the user preferred to spend more time studying Excel topics. Each of the more than 63 lessons had the features mentioned above for each of the two subjects, Excel and PowerPoint, and the content ranged from very easy to very difficult with different amounts of time to spend on of the lessons with the interval type-2 a ucational system was greater than the students who studied with the type-1 tem by 1.62%, and was greater than the lead adaptive system by 9.48%, and g the nonadaptive-based system by 10.65% provement in the students' learning ou completion rates evidences the effective proposed IT2FLS adaptive educational compared to other methods. Figure 16 . The completion rate obtaine of the four groups of students in the tw subjects after the application of each
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In the second phase, the course contents of Excel and PowerPoint, were delivered as required for a third group, which used a system based on type-1 fuzzy logic, and a fourth group, which used the system based on the applied interval type-2 fuzzy logic system. Meanwhile, the first group continued its studies using the nonadaptive version of the system, while the second group used the instructor's led adaption model with fixed rules based on expert guidance. Thus, the third and fourth groups were presented with adaptive, tailored learning content that was matched to their preferences and needs according to the rules derived from various students using the system. Students were presented with learning objects (LOs) according to their knowledge-delivery needs and preferences. Each LO in the lesson, such as Conditional Formatting in Excel, was associated with two linguistic values, which corresponded to the difficulty of Excel content and whether the user preferred to spend more time studying Excel topics. Each of the more than 63 lessons had the features mentioned above for each of the two subjects, Excel and PowerPoint, and the content ranged from very easy to very difficult with different amounts of time to spend on each lesson. Once this phase was completed, we analyzed the results to assess performance after the students finished the term.
The results from the knowledge delivery system based on the applied IT2FLS environment, the type-1 fuzzy system, the system with fixed rules, and the nonadaptive version of the system were compared with one another. Figure 15 shows the improvement in the average scores for each group by looking at their scores prior to and after the application of each system. As clearly shown in Figure 15 , there is a significant increase in the average scores of the students using the IT2FLS (26.04%), which represents the best performance of the four study groups. The employment of the T1FLS increased the average scores by 23.78%, while the instructors' lead adaptive system and the nonadaptive version (controlled Group) increased performance by 20.48% and 19.06%, respectively.
In addition, the completion rate for the four groups was obtained (see Figure 16 ). The total number of students who completed at least 90% of the lessons with the interval type-2 adaptive educational system was greater than the number of students who studied with the type-1 fuzzy system by 1.62%, and was greater than the instructors' lead adaptive system by 9.48%, and greater than the nonadaptive-based system by 10.65%. The improvement in the students' learning outcomes and completion rates evidences the effectiveness of the proposed IT2FLS adaptive educational system as compared to other methods. Figure 16 . The completion rate obtained by each of the four groups of students in the two study subjects after the application of each system
In addition, Table 1 shows the average error and standard deviation for the system outputs obtained. The total number of the collected dataset was 960 instances. The data set was then split into a training and testing data set consisting of 672 and 288 instances respectively. These results demonstrate that the IT2FLS system produces a lower average error rate and standard deviation of errors than the type-1 fuzzy logic system when comparing the system outputs and student-desired outputs. This means that the IT2FLS type-2 fuzzy system is more effective in capturing student behavior.
Conclusions and Future Work
In this paper, we presented an interval type-2 fuzzy logic-based system that can learn different users' pedagogical needs and preferences based on their knowledge level as well their characteristics in a dynamic online environment. This model was applied to enhance student outcomes and completion rates by presenting students with tailored, adaptive content that matches their needs.
The IT2FLS was tested and compared to the T1FLS, the instructors' lead adaptive system and a nonadaptive system. The experiments were con-USERS-CENTRIC ADAPTIVE LEARNING SYSTEM BASED ON . . .
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The IT2FLS was tested and compared to the T1FLS, the instructors' lead adaptive system and a nonadaptive system. The experiments were con- Figure 15 . The improvement in the average scores obtained from each of the four study groups prior to and after the application of each system Figure 15 . The improvement in the average scores obtained from each of the four study groups prior to and after the application of each system ducted within a massively crowded e-learning platform with a population of 1458 students from King Abdulaziz University. The results revealed that IT2FLS was better able to handle uncertainties, producing lower average errors and standard deviation. This resulted in an increased completion rate over the T1FLS group by 1.62%, over the instructor's lead adaption model by 9.48%, and over the controlled group by 10.65%. In addition, this improved students' performance for the IT2FLS group was over the performance improvement achieved by T1FLS group by 2.26% and over the instructor's lead adaption model by 5.56%, and over the controlled group by 6.98%
Thus, these promising results from the proposed system facilitate instruction with better delivery. In the future, we aim to employ general z-slices type-2 fuzzy logic systems to be better able to handle uncertainties in the model. We also aim to deploy the proposed system for more e-learning courses with more inputs and outputs that will include thousands of students.
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